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Neuromorphic Computing Can Enable Low-power, Massively Parallel Computing
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e Only spikes are communicated & routed between neurons (weights,
internal states are local)

e To use this architecture for practical workloads, we need algorithms that
operate on local information



System-level Approach

Objective Function: Target spike train s* . =
)

DVS MNIST, CIFAR, TIMIT, Robot Control, Neovision2
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Neurmorphic Core: Stochastic Event-Based Computing

“Activation function” p; can be derived or estimated. @:ﬁ ;w
Kernels n and e reflect neural and synaptic !
dynamics.

Gerstner and Kistler,, 2002

Learning Rule:
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Spiking neural networks can be viewed as (deep) Binary Neural Networks
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function ERBP

for k € {presynaptic spike addresses SP"¢} do
if bin < I < bymar then wy < wi + T,
end if
end for
end function

Dataset eRBP BP (100)
MNIST 784-200-200-10 2.29 % 1.80 %
MNIST 784-500-500-10 2.02 % 1.90 %




(Potential) Energetic Efficiency

o Energy Efficiency During Inference: First output spike is >95%

accurate
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o Energy Efficiency During Training: SynOp-MAC parity
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Neftci, Augustine, Paul, and Detorakis, Frontiers in Neuroscience, 2017



Digital hardware architecture for neuromorphic learning machines (HIAER NSAT)

(a) Neural and Synaptic Array Transeiver

: Configuration
Neuron Dynamics 9

2-State 4-State 8-State
x[t + 1] = Ax[t] (Leak & Coupling) Neurons Neurons Neurons
+E[t] © W[HS[] (Synaptic inputs) °
+n[t] (Noise) L[] I
Tolt + 1] > b, sift + 1] 1 (Spiking Output) o I
x[t+1] > 0,x[t + 1] « X, (Thresholds & Reset) :
o 2 i
Synaptic Plasticity Dynamics [ :
ex = @nlt] (K[t — ti] + K[tk — tiast]) (Eligibilty) °
wilt + 1] = wlt] + silt + 1ex (Weight update) : : :

(b) Connectivity Model (c) HIAER Tree
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Detorakis, Augustine, Paul, Pedroni, Sheik, Cauwenberghs, and Neftci (in preparation)



NSAT Neural Dynamics Flexibility
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Detorakis, Augustine, Paul, Pedroni, Sheik, Cauwenberghs, and Neftci (in preparation)
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wilt 4+ 1] = wi[t] + skt + 1]ex (Weight update)
ex = xm (K[t — 1] + K[tk — tiast]) (Eligibilty)

STDP
X = > ik (Modulation)

Detorakis, Augustine, Paul, Pedroni, Sheik, Cauwenberghs, and Neftci (in preparation)



NSAT Learning Dynamics Flexibility

wilt + 1] = wi[t] + se[r + 1ex (Weight update)
er = X (K[t — 1] + K[tk — tiast]) (Eligibilty)

STDP
X = Z ViXi (Modulation)

Detorakis, Augustine, Paul, Pedroni, Sheik, Cauwenberghs, and Neftci (in preparation)

STDP weight updates on pre-synaptic spikes only, using only
forward lookup access of the synaptic connectivity table
Pedroni et al.,, 2016
“Plasticity involves as a third factor a local dendritic potential,
besides pre- and postsynaptic firing times”

Urbanczik and Senn, Neuron, 2014

Clopath, Busing, Vasilaki, and Gerstner, Nature Neuroscience, 2010



Reinforcement Learning

Awij =n rSTDPij

Florian, Neural Computation, 2007

Unsupervised Representation Learning
Aw;; = 1 g(t)STDP;

Neftci, Das, Pedroni, Kreutz-Delgado, and Cauwenberghs, Frontiers in Neuroscience, 2014

Unsupervised Sequence Learning

Aw; =n(OV) —ai— C))s;

Sheik et al. 2016

Supervised Deep Learning (eRBP)
Aw;; = n Errori¢ (1)s;

Neftci, Pedroni, Joshi, Al-Shedivat, and Cauwenberghs, Frontiers in Neuroscience, 2016



Spiking-Based Deep learning with HIAER NSAT

(b)

Synaptic Weights Distribution
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Epochs
e Event-driven Random Backpropagation Rule
e MNIST 784-100-10
¢ 8 bit synaptic weights
e 16 bit neural states

Detorakis, Augustine, Paul, Pedroni, Sheik, Cauwenberghs, and Neftci (in preparation)
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